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Abstract

Thermal emissionser anthropogenic heat fluxe®g) from human activities impact the locahd largeiscales urbanclimate.

DASH considerdoth urban form and functian simulatingQr by use of an ageifitased structure that includes behavioural
characteristics of city populations. This allows social pcastio drive the calculation §fas occupants move, varying by

day type, demographic, location, activity, seemnomic factors and in response to environmental conditions. The spatial
resolutiondepends ordataavailability. DASH hassimple transport and building energy models to akawulation of

dynamic vehicle use, occupancy and heating/cooling demand, with subsequent release of energy to the outdoor environmen
through the building fabriduilding stock variations are captured using archetypes. Evaluation of DASH in Greater London
for various periods in 2018sesatop-down inventory model (GQF) and national energy consumption statiB#SH

reproduces the expected spatial and temporal pattei@s lofit the annual average smallerthan published energy data
Overallthe modebenerally performs wellncludingfor domestic appliance energy use against top down model results.
DASH could be coupled tan urban land surface modeidbr usedoffline for developing coefficients for simpler/faster
models.
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Notation (with location of 2 mentior)

Description 1st
| o B qh & Characteristic of appliance of typej: quantity ind , domestic usage factar market 243
permeatiork
¢ Fd hd o i iy Domestig primary school, secondary school, other (e.g. leisure) ahdpvork sbareas 2.1
) [ %) Dominant ageohort characteristics of subase@naly®d): seniors, working aduls and 4
young people (infants, children or teenagers)
® Subareaof 6 with specific activityi occurring 2.1
0 Building surface area (fp B
AADT Annual Average Daily Traffic 3.1
ABM Agentbased model 2
00 Absolute errorg- 9 3.2
0 Spatially discrete agent 2
0 &0 Absolute normalised error 3.2
00 Consumption class: active only 2.4.3
API Application programming interface 242
0"Y Consumption class: active/standby 243
I Bowen ratio ) 70 ) 2.4.1
o} Spatial unif may becoarser thao 2.2
0 Consumption class: continuous 243
CBD Central business district 6
0 p Modeappropriate ratio foét oni (no,m,rvehiclel) 2.4.2
GG Specific heat capacitypecific heat capacity of at constant pressure (Jkg™?) 243
3 Modelobservation (reference) differenfi variablei 3.2
DASH DynamicAnthropogenic activiti8 impactingHeatemission}p 1
DHW Domestic hot water 243
Qf Distance between origitand destinatioffm) 2.2
- Emissivity B
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Fuel type

Fraction of households witfvactive occupants using
Heat emission with fuel typ€for & (W mt)

Gravity weighting for all potential trips between origiand destinatiorf
Geographical information system

Greater London

GQF model(Gabey et al., 2019)

Convection coefficient (W K1)

Heating and cooling usage

Hot water usage

Interquartile range

System efficiency

Downwelling shortwave radiation (W&

Effective thermal conductivity (W rhK1)

Lighting

Base (min/max) luminous intensity

Thicknessof building component (m)

Local Authority

Length of unit vehicle foé& (m)

Locally Weighted Scatterplot Smoothing

Distance travelled iB (m)

Lowerlevel Super Output Area

Travel mode (e.g. car, bus, train, walk)

Metabolic rate (W)

Mid-level Super Output Area

Number of householdsvith wactive occupanjs
Number ofoccupants fod oni

Normalised error

Maximum-normalised value

Non-school weekday

Output area

Occupant

Stationary distribution for state at time step

View factor for buildings/ground/sky/surfate
Power ratingmaximum power ratingW)

Transition probability from staté to statet at time ste
Energy uséfor heating, coolingjw)

Building conductive flux (W)

Building convective flux (W)

Net alkwave radiation (W m)

Turbulent latent flux (W m)

Anthropogenic heat fluxemissions fronbuildings/metabolic activity/transport) (W-#
0 ; from: appliance usagéeating and cooling, hot water demalighting (W m2)

0 ; from: electricity, gas consumption

Turbulent sensible flux (W 1)

Net longwave radiatiarOutgoing longwave radiatiofyv m2)
Net storage heat flux (W #)

Energy loss/gaifrom ventilation (W)

Density(of air) (kg nT3)

Route type (e.g. minor or majorroad, overground or belowgroundrail)
Route capacityimit

StefanBoltzmann constariv m? K-4)

Simplified ThermalEnergyBalance foBuilding Scheme
School/workday

Time step(e.g. ten minutes)

Effective transmissivity

Albedo

Journey specific timdin

Temperature or fluid/surfacesindoor surfacesi/outdoor surfaceo (K)
Internal water/air temperature (K)

Outdoor air temperature (K)

Time of use

Setpoint temperature (K)

Time Use Survey

United Kingdom

Volumetric flow rate, ventilation rate (hs?)
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Number of unit vehicles fait oni 2.4.2

Wq
ol A Speed speedf travellingvehicle oni , speed limit o (ms?) 2.4.2
® Volume ofwatertank (i) 3.1
WD Weekday 3.2
Oi Wind speedrfi s?) 3.1
WWR Window-to-wall ratio 3.1
O O R Output (M: nodelled O: observetteferencgvalue 3.2

1 Introduction

The anthropogenic heat fluQg, the thermal emissions arising from metabolic, chemical and electrical energy use, is an
additionalenergy sourcen the urbarsurface energy balancas Qr is a function of human activity that can be associated

with a range of spatial and temporal scaienpacs thelocalscale weather and climatedities For example, heating of
buildings in cold climates can be an important influence on the urbarstzest (UHI)(Hinkel et al., 2003; Bohnenstengel

et al., 2014)whilst in summer the additional heat release from air conditigiidegMunck et al. 2013; Salamanca et al.
2014)can elevate air temperatures. The impacts of additional heatxaegrbate heatlated mortality rates during

heatwaves in urban are@seaviside et al., 201&)nd increase electricity consumption in warmer wegBantamouris et

al., 2001) Although there are multiple methodsdstimate anthropogenic heat emissions, it has often been ignored in urban
climate studieg¢Sailar, 2011)

The feedback ofr on the other surface energy balance fluxes can be imp¢Baeno et al., 2012; Beshd Grimmond,
2016; Ward et al., 2016J he surface energy balanfe an urban volume can be writté@ke, 1988)

0* 0 0 0 YO Y 71 1)
whereQ* is the net allwave radiationQr the anthropogenic heat fluxQsthe net storage heat flu®n the turbulent
sensible an@e turbulent latent heat fluxeandg Q the net energy transported by advectibimese fluxesnfluencethe
transfer of heat, mass and moment@ke, 188) and the stability of the urban boundary layrethree major source
termsof Qr (Grimmond, 1992)

0 O0rp Of 05 71 2)
relate to buildings@e,g), metabolic (people, animals) activit®{v), and transport@r1). As a resultthe dailymovement of
peoplethrough a city willhave a local, short term effect, whilst the widespread uptake of new technologies (e.g. energy

efficient appliances) could have a cijde, long term consequence.

There are multiple approhes to estimat®r (Sailor, 2011) Using population data, tegpown methods disaggregate energy
consumption and traffic data to produce diurnal profile®©ofSailor and Lu, 2004; Lee et al., 2009len et al., 2011;

Ferreira et al., 2011; lamarino et al., 2012; Lindberg et al., 2013; Lu et al., RBd&)gh constrained by data availability,
such approachesan be updated quickly to provide representative values of past states for larg&aieg<et al., 2019)
However, there is little variation between days, as the models tend to use static diurnal profiles. For example, the flow of
people between residential and work areas does not respond to potential events that cause actualghalogksdeoads

from flooding) and is assumed to be homogeneous across a city (lamarin20d?alEnergy § often assumed to be

released directly to the outdoor environmgilor, 2011Yyather thanridoors. Whilst aggregate behaviour may be captured,
the heterogeneity in processes (e.g. appliance use, technology uptake, changing work practices) are missed despite
components (of eq. 2) being determin&dp-down approachedo thoughprovide a basis tassess other approaches as their

aggregate output is based on metered data.

Bottomrup models exist for the different types of heat emissjofieq. 3 from buildings(e.g. Kikegawa et al. 2003; Bueno
et al. 2012; Schoetter et al. 201#ansport (e.gSmith et al. 2009)and metabatim (e.g.Thorsson et al. 2014)ndividually,
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they provide some information about behavioural and system change impacts on energy use and heat emissions. For
example, building heat releases to the outdoor environment can be modified by building design (e.g. material conduction)
and occupancy behaviaufe.g. ventilation, heating systems); and metabolic models capture activity and metabolic types
(e.g. adults, children, animals). Other methtmdestimateQr include assuming energy balance clog@éerle etal., 2005;
Pigeon et al., 200Crawford et al., 201 7Chrysoulakis et al., 2018n eq. 1 with all other terms measured or estimated, and

measurements of component fluxes (&gtthaus and Grimmond 20).2

Whilst existing models o€ give plausible estimates, they typically do not capture charege#ting from human behaviour

in small areas as cityide assumptions are used when finer spatial resolutions are unavditaldenot all techniques can
identify Qe hotspotgGabey et al., 2019Moreover, he processes causing change in anthropogenic energy use need to be
modelled s thedynamic nature ofr and implicatiors of disruption to social practices @ can be investigated. Capturing
the interplay between energy related behaviours and meteorological conglittaidhelp exploration ofsystem feedbacks

and resulting effeston urban climates and city activities.

The terms of eq. 2 vary with land use and activity within an area creating spatial and temporal heterog@nditytan,

this impacts the urbasurface energy balanéeq. 1) Modekthatcanrespond tanfluencing factorsallow changes to be
understood and potentially manag&tiangesnay occur atlifferent spatial and temporal scales, for exampleitff}wide
building stock €.g.type, dimension, materials) chaisge decacl time-scales impact heating and cao) needgi.e.
modifying Qr,g); (ii) individuals numerousub-daily activity and travel ecisions impact all three components at the
microscale; (iii) sociatulturalpractices play out across large spatial and temporal extents; (iv) transport dynanbes can
modified oversmall spatiotemporal scal¢e.g.road closuresor large spatial and temporal extents through technqegy

fuel, transport) angbolicy/planning(e.g. speed limits in neighbourhood$ianges

Human behaviouand regional climate can impact each source ter@-0High- to mid-latitude citieswith colder climates
usewinter space heating, whereasiotterclimates airconditioning in summer (Sailor and Lu, 200¢)ncreasingly used
Work schedules and other culturally informed pract{eeg.social eatingreligiousworship)alterthe time of day, day of
week, and time of year (i.e. national holidaysttenergy demand occuwllen et al. 2011) These influenesare not
addressed by many static mod@den et al. 2011Dong et al., 2017and associated dynamics are negledishite

impacing emissions spatiall{e.g.Bjorkegren and Grimmond, 2018)

Here we present a new bottam modelfor Qs (DASH, DynamicAnthropogenic activiti€ impactingHeatemissiongthat
captuescity featureqi.e. place)p e o p | e 6 s demagtaphigsvatiatiomssinbuilding-type (e.g. themal propertiey and
transport energy use and heat reled$e modehllowsimpacts from activitieand interactionacross a wide range of

spatial andemporal scales to be explored takingan agentbased approachVith both theheterogeneity of city energy use

and dynamics of the whole city captutegl DASH, comparisons ttop-down inventoies or othedatawith coarser spatial

and temporal scalelutionsare possibleThese patterns can be analysed to diagnose the sensitivity of thestttady

events that cause perturbations in agemel behaviour. The general model structure and functionality are described (section

2). It is applied(sectbn 3)and evaluata (section 4) inGreater London using inventory based resi@iabey et al., 2019)

2  Model development

As DASH takes an ageiitased approach, all procesbaseeither an interaction or reaction of agefigcal and North,
2010) The agents represent the decisifmmsnovement anditizensactivities (e.g. cooking) thatmpactenergy use and
thereforeQe. The dynamicsesult fromagent activityin multiple processes that exist eachQr source term (Fig. 1a) but

share outputs (Fig. 1b). For eagjhatially scalablagent(section 2.1}here is (Fig. 1a):
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1) Anagentbased model (ABMjchedulerto captue the evolutionary dynamics (section 2.2)tloé spatially-discree
agentsAn.

2) Three sourcespecificQr estimators us movement and activitfrom the ABM scheduleto modelmetabolic(d 5 ,
section 2.4.Jand transportelated(D f , section2.4.2)anthropogenic heat. Given the dominant role of building energy
use to urban anthropogenic h€aailor and Lu, 2004; Pigeon et al., 2007; Allen et al., 2011; Sailor, 2011; Nie et al.,
2014; Zheng and Weng, 201Gabey et al., 2019a building energy model (section 2.48dAppendix B is
integratedwithin DASH to estimaté) ; by accouning for occupant behaviouhat impacts botappliance energy use
andindoor environmental conditioning.

The main DASH workflow is driven by ageagent interactions with a thretage process determining pertime step

(Figure 1b):

Stage 1:Agentagent interaction occurs through occup@) exchange processes (bligg. 1b) that aranodified by
demograplts as well as type artime of day.

Stage 2:0ccupancy levels associated withagent (yellowFig. 1b) modify appliance energy us@{ Fig. 1), building
heating and cooling contralig thebuilding energy modeSTEBBS), and volume of vehicles on the transport network
(greenFig. 1).

Stage 3:SourcespecificQr g, Qr,r andQr v terms are calculated for each agendcombinedto give Qr for each ageiit s
geographical region.

All processes operate at the same spatial unit (rather than area) and time step. These are both defined by the data used to

inform the ABM scheduler. Rules that govern the processes may be informed by datti@rslat coarser scales.

2.1  Spatial granularity
I n agent based model design there i s ifdividuals, louskholtispatisd s t o

areasor businesses Cr ooks and Heppenst al |.How2verlttEk;chosed uits shouldbea able ®t a |
interad with each other and respond. The constraints on selecting the most suitable entity for an agent include the aim, data
availability and computer resourcéis DASH, agents represent spatial units that interact by exchange of occuffents

number, actity and type of which informs the calculations@f (Fig. 1).

A s p at iQadependoithedwsmber and composition of occupmai@haracteristics and their activities. For example,
residential areas experience an increas@rjgas occupants wake @md start to use appliances or heating/cooling. As they
leave homeQE rincreases as fuel is used for transpord as th®c are passed between agahschanging activity and
occupancy numbers impactena ¢ h &g Byrusing spatial unitasagents (withOc as an agent propertyggents can be
scaled according to behavioural data and computational constraints. The relationship of agents to occupants can be from

manyto-one and manyo-many.Herea manyto-many relationkip is usedgiven thecomputational and data constraints.

The agents interact by exchangidg based on rules associatsith the number, type, and activities of occupants. These are
also used in calculation dfi¢ energy usef anagent i . e . réshoase.aAgeatmepreséntatisrdesigned to be data
driven (analysed) and so behaviour is constrained by data availability. For individuatlegiesntext (social, physical)
provides the agenfs r o b aekatbefhatadteristics, wite administratie boundariesrdbm nationalcensugor other large

survey datawill typically constrainDASH.

The agentAn) base spatial unit(as determined by data availabiligyntainssubareagw ) of activity (not spatial units) to
which theOc are assigneddence, ppulation statistics aneeededo characterissubareas. Thseubareanotationidentifies

the agentsuperscriptand activityarea(subscript) In this version oftie modelthere aresix subareagi) domestic( ), (i)
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workplace(® ), (i) primary schoold ), (iv) secondary schooly ), (v) shop(c ), andbr (vi) other(® ). There is a
minimum of one subarea in eadk, with the total number and type in eakito be determined according to available data
and city context (e.g. a commercial district may only consiéi 9f Despite he Ay location being static their properties are

dynamic.

As An have the decisiemaking capability for exchanginQc, theyinteract byd r eihgé aer ifgd c ¢ €@ . Ggpatah t s
variation inOc exchange is provided by the characteristics ofithefor example®d with higher workday populations

being more likely to accept agpants during workday hours than otlier with smaller workday populations. Temporal
variability is governed by aspects of human behaviour, with granularity provided by different categtxiedenftified

within the data used to inforthe ABM schedar. The model can, therefore, capture differences associated with time of day,
day of weektype of day (e.g. holidagr not)and time of year within (and across) differ€rtcategories. Thyshis design
resulsin the spatiotemporal dynamics Qf.

EachAy is located withirlarger spatial unitéB) to allow coarseresolutionspatialdatato inform modelbehaviour(e.g.

traffic speed limits, school districts)s well as enabling different spatial representatid@-dh analysisNote that there can

be multiplelevels of directly nested spatial units. This permits different level of data availability and governance structure
(e.g. impacting decision making/ags) to be appropriately captured. Hence, impacts from changes in small areas on the
surroundings can be explored.

2.2 Rules of An interaction
Oc are generated and assigned to caiegosed to inform energy demand behaviour and movement (e,gvade. To

enable movement @, they are each associated wstibarea type® corresponding to different actiiés The® may be
located bottwithin oneAy or across as mamy astherear®. A mi ni mum of one O6penQztoor &
identify a place of residence) . For other activites(e.g. work or formal education) to be captured furtheareneedd

Data driven assigmentof occupants tesubareas enables the exchang®gby Ay (Section 31). Theé a n cdh are 6

relatively statig(i.e. changing infrequentlyasfor exampleworkplace remains constant for long periods

Ifdatadonot al |l ow direct mat @ Hor @cghernd isassignedanddmb/(SaPs, 2&1%patin 6
proportion tothe availablechoices. The choicecan be informed by rulesuch as imposed by local governing structueeg. (
school doice) For Oc trips tonon-anchorsubareage.g. leisure activityshopping) assignment is stochastic. Gravity
weightings (3) for all potential trips between origirand destinatioflocations(B, for coarser resolution thah) of

distanced;; arepre-calculatecandstored in a matrixCasey, 1955)
W ©)
whereweightss;;are derived by an attractor (etgtal number of shops) withiB andthe distance(d) betweerocations

The destination isandomlyselectedisinggravity weightingqeqg.3), acceptingamenity attraction rule@eilly 1931) The

process is nested &dlow for spatial nesting of agents aadcount forspatialresolution ofdata on amenities.

Within anAy furtherrules associatedvith movementcan be assigned @©c to represent structural and personal factors that
impacttiming andability to move betweetd . For example, associated dependants (e.g.rehildmpact on timing of

movemenbf anOc¢ due to caring responsibiks.

S

L
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2.3 Evolutionary dynamics
At eachtime stepthe decision for akw to releaséc appliesa Markovian approacfAppendixA). Thisstochastic state

determination procestecideghe nature ofino b j (&g O)sext statde.g. ) using knowledge of its previous states
(Blitzstein and Hwang, 2019The subsequent time at which@ais accepted by theedtinationAy is influenced by factors
such as distance and time of travidlis allows random variability in human behavioobe simiated such as igsence and
activities of occupants in a single buildiffage et al., 2008; Richardson et al., 2008; Widén et al., 26819ahg periods
(Page et al., 2008yhilst aggregate behaviour (informed social structure) will still be appaféid requires knowledge
(data) based on movement and location associated wittatichallows decision making to be identified with individQal

as well as populations.

The movementrad location data are usedtocreath e Mar kov mat r i c e sy A¥ foraheiexacharge v d i
of occupants at each time sigp The Markov matrices are created prior to a model rundultide recalculated between

each timestepf the modérun in order to capture potential resporfsemovement and activitytp disruptions.

2.4 Calculation of Qr
Heat sourcegeq. 2)from people, building (with appliance load breakdown), and transport are determisiad theOc

count and associated activity in each ofdheof all Ax.

2.4.1 Metabolism Qrm
Metabolism Qrm) of eachOc usesan individualmetabolic rateNl) as:
Ofp OO0 (4)
with thesensiblgH) and laten{E) componentsusingthe Bowenratio b (sensible to latent héads(for oneOc):

PR ©)

C

i O
PR o—— (6

C

Both b andM can vay with activity (e.g. office worksitting, walking, sleeping anddemographic¢e.g.age gendey.
Occupants are assumed toibdoors when present in an . Whenoccupantdravelandareoutside contributions are made
to Q=m(m).

2.4.2 Transport Qr

If an An releass an Oc, thejourney time routeand mode of transpoareneeded taetermineQg . Theseallow travel

dynamics to influence théme and naturef energy use at thessociated spatial urtirough a simple traffic modeQr ris
calculatedat each timestefor the spatial unitfor eachmodetypem (e.g.car, truck, train, walkandroutetyper (e.g.

minor- or majorroad, overground or belowgroundrail), with speeds (m s') and heat emissioa (W m) for all travelling

Oc. Thejourneytimeis tracked to enable release@f at appropriate (e.g. timely, delayed) periods at tthegtinationAy by

usinga modeand journeyspecifictime bin(t,). Thejourney timet, is updatedat each timestep.The notionalduration is

found from the modeds di s amlysi(€Elévelandn:988pretraveltdatacior distasce n g L OWE
travelled

The total number of travellin@c in eachspatial unitis the sum ofOc in all t, for all m. The number 0Oc in at, changs at
each timestep aand whennew journeys beginVhenthet, timeis zero, the hel®¢ are released to the next spatial unit of

their journeywhich may bea destination oanintermediae location(e.g. mode transfer from walking to bus)

C

<
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Thechoice ofmis informed by data that associates probabilityn@b origin-destination pairingdf journey combinations
dataare unavailableveightingby distanced;; is used informed byother sources (e.¢ravel surveys)The journey route
(through different spatial units that calculate loQafk) is determinedrom geographicalnformationsystem GIS) data(e.g.
OpenStreetMap contributors 201 mappingapplication programminmterfaces (APIs, e.g.Google(2019) or straight line
distancedbetween centroidgn theabsence of dataFor the latterspatialnestingcan be usetletweenAy andB. Routing

options between spatial units can be one (most basic) or many (data dependent).

Route(r) parameterfiave acapacitylimit (Rim) assignedy r relatedspatial(B, Ax) capacityconstraintge.g.size and
possiblenumber ofoccupants o busor arailway carriagehat operate in that areaad congestion limitsHowever, these
may be modified if a disruption impacts part of the transport network (e.g. power failure, intense jlotuéngurrent
occupacy is constrained by a modgpropriate ratigCn,) such as number of occupants ) per unitvehicle For road
related transportjnit vehiclelength () is requiredas, for examplehuses hold more people than alear require more

space on the roa@hese constrain@reinformed bylocal data.

A total vehicle count for eacim, r (asVm,) is used to determine @ in travel can be moved between spatial umthen
both
0 Lh“ and B wpdy Y . Y 7

thenVm,. is incremented by . (i.e.Vm+Y ) where ¥ — If Rin (e.g total roadtype lengthin a spatial unjtis

h

exceededDc will not be passed to the next spatial unit: time associgfeieh neighbouring spatial units will be lengthened

When

Gg — ®

thenVm, becomes/m,-Y ..
Where transport is considered at the spatial resoluti@) \éf, are distributed to child spatial units based on the ratio of

nested spati al unit capacity) g ptfdrearspar ent spati al

The anthropogenic heat flux from transp@,r for anAy of area Aat timet is (Grimmond, 1992)

b —— "2 2R wm? (9

whereL,, is the distance travelled in a tirstep.Heatemission(Fm¢; W m) varies with fuel typeff, m, r andvehiclespeed
(vm.; m sY). For the case of road traffic, speed can be represented as a function of permitted, orspeediget (0 ; ).
This is linked to traffic densityi.e. vehicles per unit lengtle.g.Salter, 198pwhich we relate to eatio of totalon-road

vehiclelength tototal route length(equates t&im) as
pJA—L T (10)
Hence, peeddensity functiorchanges with timée.g.Greenshields et al. 1935; Wu 2000)
O 0 Uy $0; (ms?h (11)
Therelation ofvi(t) to Fm¢is dependent on local fuels typ@sg.Grimmond, 1992; Smith et al., 200@ndis part of the

modelparameters specificatide.g. Section 3).

2.4.3 Building energy Qr.s)

Qr5 accounts foappliance usageé (f ), lighting(0 ), heating and cooling demands { ) and hot water demand (;, ):

uni t
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0 Op Op Of O (WmD (12
Thesevary by Ay as Oc composition changesctivities® , and the locabuilding form, constructionnjaterials and
dimension}, andcontrol systemgheating, cooling, lightingghange (e.g. as neighbourhood age or construction period
varies) Ay releasgacceptancdeof Oc to (from) the movement and travel module leads to a change in occupancy levels in
associateduilding types Activity of Oc informsappliance ({), hot water (HW)and lighting () energy usas well as

heating and coolin¢HC) setpointsfor building environmental control

Qes is determinedhrough use of amplified thermalenergybalance foibuildings scheme(STEBBS)thatcalculates heat
transfer through building fabric and ventilatiogsing anadjustable timeesolution 0  , U HW, andl provideinternal gains
to the building volumend fabric(AppendixB). Thedynamicl-D energy model enables both simple representation of
individual buildings(Klein et al., 2017)as well as scaling to represent groups of builditgin anAn. By using building
archetypesSTEBBSprovides acomputationally efficientepresentation dfuildings across a citjHeiple and Sailor, 2008;

Bueno et al., 2012; Kikegawa et al., 20240 permit multiple types within ak.

For each archetype with @y, STEBBSrequires théuilding dimensions (width, depth, heightlindowwall ratio, and
thermaphysical propertiefor the buildingcomponerg (i.e.window, wall, roof, floor, internal mass Thermal inertia of
appliances and lighting is assumed to be negligible (i.e. ndatéguthermal mass) and so the heat resulting from their use

(i.e.total power demang,) is exchanged directly with the indoor air.

Domestichot water(DHW, following building sevices conventiotthisincludes both domestic and commercial buildings)
heating and air heating/coolirgea response to internal conditions, controlled by a setpoint tempefasr). The
energy uséq) depends otthesystem efficiencyll) and maximum power ratingPmay for heatingusing anexponential

control to avoid heating overshoot:

n IO — (W) (13)
and for cooling

nond — W) (14)

whereT; is the internalwater/air temperaturgk). Efficiency losses of the heating system and all cooling energy are
calculated as direct heat ejection to the outdoor environmkeatheating of the building fabric modifies the storage heat
flux of the urban energy balan¢@rimmond et al., 1991; Grimmond and Oke, 1999%)us tls term is tracked and removed
from Qg g. Setpoint temperaturesecontrolled(between minimum and maximurim) relation to occupancyecognsingthe
oneto-many representation of buildingsthe model Domestic instances vary based on proportion of active octafgan

total residential population, whilst natomestic instances may have setpoint temperatures based on occupancy thresholds.

Ventilation loss/gainr{ is given aqSpitler, 2011)

) w” ®Y Y (W) (15)
where Vzis theventilationrate(m®s'),” is theair density (kg ¥), ¢, is thespecific heat capacity of air at constant
pressure (J kK1), andT, the outdoor air temperatui@). In the standalone version of this model no spatial variations of
these are considered.doupledto a meteorological model the outdoor variablesan bespatially dynamic and respond to

Qr emissiondocally (Sun and &mmond, 2019)

DHW is considered as a sensible heat gain tmlatent)with hot water to drainanaccoungd forin Qrg. Heat exchange

betweerDHW in storage (tankndwater pipes) and building volume is accounted ¥mlumetric flow rategVeg, m® s?) of
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DHW use ando-drain can be set to control volume of DHWUBe Theinternal heat gaifrom thisvarieswith Oc level

and activity

The combined internal gains based on internal building activities are passed to STEBB&mber of activeile. present
andawake)Oc in abuilding (e.g. domestic, work) influenctstal energyuse(Druckman and Jacks, 2008; Yohanis et al.,
2008)and theenergydemandprofiles d timescales fronsecondgRichardson et al., 2018 hours(Widén et &, 2009b)
Hence, acupancy levelare essentiab reproducingcommercialKim and Srebric, 2017anddomestic load patterns
(Widén and Wackelgard, 2010)

Hence eachbuilding archetype within aAy is impacted ¥ its Oc level andtheir activities (i.e. & ). As Oc categories (e.qg.
age related) participate in different activit{esg.infant differs from adult) local census (or other) ddtath constrainand

spatially informOc characteristics.

Lighting and appliancgainsareassociated with activityappliance typg (Firth et al., 2008%et efficiencyand power usage
(Pa) associatedvith different building typesd.g.commercial domestic) We distinguish three energy consumption classes

(i) active only (AO} only occurs with useactivity (e.g. oven, iron)

(i) continuous (C} always consuming energy (e.g. cold appliances: fridge, freezer; small appliances: telephone, clock,

burglar alarm). As these may cycle power (e.g. cold appliances) Wer pating accounts for the fraction of time the
appliance draws power during a single complete cycle and the mean power consumed whilst operating.

(iii) active/standby (AS)two modes which depend on user activities (e.g. television, computer):AD), é3) lesswhen
not actively used

Each appliancéa) type(j) is assignedo eitherAO, G or ASwith an active powerating a, and additionally foAS

appliances standby ratings. The number of appliances of typén Ay (O ) is determined bylomestic/nordomestic
appliance market permeatioidy ) as

Op O te (16)
where¢ is number of households (domestisimber ofwork-desks (non-domesti¢ commercia), or floor area (non
domestic, otherin anAn. @y acts as the limit of appliance use at any titheo distinctionbetweerj use profilesan be

given (data dependent) all appliance demand is combined as one type.

For domestiaise, haseholdsarecategorisedby total number of residentsuch that proportion @by, (by AO, C, orAS in

useat a given time is:
Or 06 B Gy 0 01— OAj; (17)
with "Q; 0 the fraction of householdsith x active occupantssinga; att (based on occupant activity scheduling) and

¢ 0 the number of householdgth x active occupantatt. For nordomestic buildings, appliance use is proportional to

occupancy level and lighting is considered part of this load.

The power demandl (W) of all appliances in usis:

0 B | ;06 20 B | 5 6 20 B | i Ap o D B 0 DJA; (18)

andis theheat gain passed to each STEBBS&ance(i.e. each building archetype p&y). Appliance characteristics are

currentlyuniform throughouty but couldbevariable(e.g.by socieeconomic structude

10
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Domestic lightings considered as a separate load impacted by an outdoor downwhbirigyave radiatiothreshold
(Keim), number of households with active (awake) occupargs and a base/min/max luminous intensity, y »

per household for scaling lighting requiremé@nidén et al., 2009a)
0s 0 Us o 03 Oa a O0— a 2p — (W) (19

Luminous intensity is converted to total powBfgf) using a per light power rati@ . This is passed to STEBBS as part

of the appliance load .

3 Evaluation of DASH in Greater London

3.1 DASH setup and data sources

We evaluate DASH iGreater LondorfGL). In the LhitedKingdom(UK), the smallest spatialinit thatcensus datare
providel for is the Output Area (OA. We adopt thé®A asthe agent spatial uni{se. Ay) in the model rurs with Ay nested
within four coarser spatial uni{®): Lower-level Super Output Area (LSOAMId-level Super Output Area (MSOAl).ocal
Authority (LA); and City/Regioras data (from various agencies) are aligned to one or more of these spatidhenita
have several governancdes (e.qg. traffic speed, school districts, planning decision3,te&t will impact energy usg.GA,
2019) Similar structures are usedadthercountries but \th varying levels creating the complete jlyational Bureau of
Statistics of China, 2017; Statistics Bureau of Japan, 2017; Statistics Canada, 2017; US Census Burdall,&0i)
there are25,0530A (determined by residential population and social homoger@ifice for National Statistic62017a)
that vary in size fron1.56 AL0* to 12.3km?, 4,835 LSOA, 983 MSOA, and 33 LA within one Greater London Authority
Region(Table 1)

The UK Time Use Survey (TUS) 20142015(Gershluny and Sullivan, 201§rovides a structured source of data for
simulating population movement and human actifigynarino et al., 2012; McKenna et alQ1%, Baetens and Saelens,
2016. Such srveys are carried out in many countries by governments or research ingfitstes and Gershuny, 2013)
allowing DASH to be applied elsewhere with appropriate cultural practises accountéutfe UK TUS, residentscord
their activities and locatiofor one weekday and one weekend ,dayrmallycreatingprofiles of individuals withincome,

age, sex and household typetadata. The data samples are sufficient to allow analysis at national to regional (e.g. GL)
scalein many caseslhe 10 min timestep resolution of TUS da{&ershuny and Sullivan, 201ig)the basis for the model

timestep.

The TUS data are used to construct Markov chains (Appexdilkat govern the exchange of occupant®ASH (Fig. 18
andthe levelsandtype of activiiesundertaken bylifferent groups o, across the dagsection2.3, Table 3. Age cohorts
(Table 2)are used as the group identifidppliances attributed tdUS activities (Table 2) have different power ratings and
market permeatio(irable3, C1). Non-domesticactivity varies by workplace appliance tymesording to the land use (e.g.
industrial, office) ofthe An (BEIS 2017a; OpenStreetMap 20with appliancegTable D1liii) having greater energy

consumptiorin industrial than commerciareas

Theapplication is undertakeior 2015to coincide with the TUS datavhen GL had @opulation of 8.539 milliorfcensus
data updated annually, Table Zhe remaining datneededare obtained for thelosestyear. Throughout we endeavour to
useopensource freely available dataA variety of dataypesare used, at eange of spatial resolutisr(Table 1) with more

detail given subsequént(Table 25).

11
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Movement of occpants is informed by the National Travel Sur¢ByT, 2017)and census data on commute patteBaso(

Table4), to determine choice of mode by distance or type of journey providing the travel attribathées4). In this

evaluation, nine modes tfinsport ) exist: cars, motorcycles, vans, taxis, buses, surface rail, underground rail, cycling

and walking. Other deployments could include freight and boat related modes. Exclusion of freight vehicles does not directly
affect the travel dynamicsutwill result in an underestimation Qi 1. Route typesr] considered, include four road types
(residential, minor (so called-Bads in the UK), majoid K éAsroad$ and motorways (highways)); and two rail types
(underground and surface).tlnre model ruas, journey distancgfor all routegshat move between LAare determined at LA

scale based on GIS shapefile LA centroids. T8ike coarsstimplementation of the transport component of the model.

STEBBSiIs used with different parametdis domestic ad nordomestic building (Field, 2008) We simplify to the hree
mostcommondomestic buildinghouses, bungalows, and flats) archetypes inv@tied by presence at LSOA level (Table
3, Mavrogianni et al. 2012; Valuation Office Agency 2D1Bespite advances in nalomestic buildingsharacterisatiofor
GL (Evans et al., 2019}he heterogeneity iform and $elimits use of a range @fchetyps(Steadman et al., 20Q®gain,

for simplicity in this evaluationwe usea single STEBB®haracterizatiolased orthe most common domestic archetype
parameters fonon-domestic (e.gshops, hospitals, officesHence,a maximum ofour STEBBS instances pé with the
appropriate building fabric thermghysical properties assigned from one of two building age groupsofppest1965,
Tables 3 and C2Building dimensior areinformed by totalAy building footprint and heighfTable3) for each archetype

by age categorylhe limited consideration of building material thermophysical propeatidsdimensionis expected to
reduce the spatial variance in heating and coolingitarions toQgr in DASH. DASH can use more building features given

suitable input data.

Meteorological data to force the model are fromKIESW:site in central LondornKptthaus and Grimmond, 201Hable 5).
Means (L and 5min) areused to obtain 2tnin means (model time step). Outgoing longwave radiation observed with a Kipp
and ZonerCNR4radiometer (Table 5) is used assuming an emissivi@/ofButcher and Craig, 201@)nd Stefan

Boltzmann equatio(Oke, 1988)0 obtain surface temperatu&oil temperature (at 5 m depth) is igsed assming it is
equivalent to the mean annia014-2015) air temperaturéSellers, 1972Bushy, 2015pf 11.9°C.

As the model requires continuous atmospheric data, gaps are filled in consecutive order: (a) linear interpolation when less
than 4 h; (bynedianfor same tine in thesurroundingt 48 hfor gaps of 4 24 h; and (ckimilarly for gaps greater than 24
h, using thamedian+ 72 h The various model runs (Table 6) have a agrperiod of 24 h (144 timestefdsy the STEBBS

model to become stable

3.2  Evaluation methodology
Ideally a modeis evaluated witlobservations of theimulatedvariablegTable 6) However directobservations ofQr are

extremely limited or are indirect withseries of assumptions withingm. At the neighbourhood scale, combining radiation

and eddy covariance observations while assuming energy balance closure has been used to assess monthly and daily value
(e.g.Offerle etal., 2005; Pigeon et al., 200TUsing satellite earth observatimmuch larger spatial extent (e.g. city wide) is
observed but with a bias to clear sky conditidrise snapshot values at the tiroEthe satellite overpass require a very large
number of assumptions in addition to energy balance closureCfergsoulakisetal.,20}8. The ¢l osest to f
measurements @ are micrescale emissions from building vents (i.e. parQgg) using eddy covance sensors

(Kotthaus and Grimmond, 201Byt there are extremely limited data available. Tths spatial and temporal scales that

DASH is capable osimulatingcannot be directly comparéd measured)r. We thereforeuse a series of different sources

of public cataandanothemodel to evaluate various aspect®@SH.

12



The reference modalsed GQF (lamarino et al., 203, Z5abey et al., 2019)s a topdown inventoryQr model developed for

London This is selected as it is amongst thest(spatially and temporallyjetailedmodek for London currently available
445  (Gabey et al., 2019We apply it to20141 2015to align with metered data used in the evaluafidre model uses energy

consumption, trafficand workday population data provide hakhourly estimates o at city, LA, andOA resolutions.

Hence Qr estimates fobothmodek are at city scale with OA resolution.

There are sever@QFfeatures that restri@ASH being evaluatedt higherdetail. Theseare: (i) GQFuses data from a
450 range of scales (up twationa) to determine OA results with population weightlidaggregation(ii) diurnal patternsre
prescribeased on either assumptionscoarse spatialatg with variationby daytype (weekday, weekend) andasoni
meaningvariability at smaller scalesre not capturediii) GQF assumes ¢ghsame diurnal profile for bothas and electricity
usage and (iv)effects of temperaturi@ GQF are the neseasonafliurnal energy use profileather than reproducirte
day-to-day conditionsn London Hence, individuaDASH diurnal patterngamotbe evaluaté against GQRwith fine

455  temporal or spatialesolution as differences aggpected.

To evaluae DASH, appliancg(including cookingpower demands equatedo GQF electricity demand ai@ASH heating
and coolingdemando GQF gas demand-his will lead to discrepancies #tee demand profiles used in GQF are not energy
carrier orvector specificThecalculation and evaluation f 1 is undertakerat Ay scalerather tharindividual routes In

460  both modelsmany ofthe minor residential roads iAw areunaccounted for

DASH evaluations Table § useannual £ Oct 2014to 30 Sept 201ppublicly availablegas and electricity consumption data
(GWh) for domestic and nedomestic (commercial + industrial) udEIS 2017a,band national gas transmission
operational data for the sarperiodNG, 2015) DASH, runwith the appropriate meteorology (Taldg OA resultsare

465  aggregatedor assessmend theLSOA (domesticlandMSOA (nondomesti¢ scalesThese evaluatiodatahave some
issues (i) some nordomestic metedataareundisclosedt MSOA levelbut appear at LA levdlvithouta MSOA) (BEIS
2018 (ii) meterswith insufficient address metadatauseunderreported consumption statistics for s@reas (i) some
gas consumption statistiosay ke wrongly classifieqdomesti¢gnon-domestig asthis is done based @nnual consumption
(threshold=73200 kW h yeat) (BEIS 2018) and(iv) spatial misallocationof metereccommercial gas consumption the

470  billing address rathaghan actuabuildinglocation of us€BEIS 2018)

Basicmetrics assessédcludethe nedian (50%), interquartile range (IQR))d sandard deviation (SD)Io ewaluatethe
modelled Ku,)) and obsered (or referengg(Xo,i) time and/or spatialataseriesboththedifference
= Xwm,i- Xoj (20a)
475  and theabsolte errors
AEi = |op] (20b)
are determinedromthese:
(1) Cumulativedistributionof AE; is obtainedall values (e.g. across all 25,053 GAg. 9)

(2) Normalised by maximumg 0 & @ (e.g. Fig. 10)
480 (3) Normalisederrors(%): nE = (qp/ X0, )100(e.g. Fig 11a,h ideal valuenvould be0).
(4) Absolutenormalisederror. AnEi= - h - - h (e.g. Fig. 11cd, ideal valuewvould be

0).

13



485

490

495

500

505

510

515

520

525

4  Analysis of model dynamics

As behaviour, demographicand travel choicemfluence theemporal and spatial variation in movement and activity
profilesin DASH Qr estimates, we examine these filsteritical control onQr is the number of occupantsthin an area
The aredtself may be stati¢e.g.where buildings are located) moving(e.g.transportareg. The occupancy level will

change as people travel to different locations (Fig. 2).

In model run R1 (Tablé), the results fooneB spatialunit (LA Camden Londor) are used talemonstratéhe Oc

movement and travéhrough time gix consecutive daysvithin eachd for each age groufor three day typeéveekday
(school/norschool), weekends a result of\y occupant exchang&ection 2.2 The occupancy levelary by day type and
between age groups, whilsaving generatonsistencyvithin day-typeby agecohort.Note, people travel outsid@and into)

this Bduring the period, but no perturbatisnundertakerfe.g. changing transport availability or road comstion).

During school weekdays most children and teenagers are in séhod (). Adults some teenagerandsomeseniors work
during all day types, and during all times of day. Adultoccupancyat work (increase at homis)slightly lower onnon
school (NSweekdays thaschool/work ($V) days as a result of childcara small dipobservedduring noon on N&and
SW dayshatreflects lunchtimeactivity. & , @ and® occupancy levels increase after peak school and work tinfidsgow

occupancy returning to similar levels each night.

The occupancy levels of eaéh, @ ,® , ® are partly informed by population data, so it is importaatistic values occur
from the movement process This isassessed by comparisontioé median and IQR of thetal occupancyacross eactb

in the cityto the staticpopulatiors of eachAy and subareé.e. residential, workday, school populatiof) one weekday
(Fig. 3). Hence, avalue of lindicates hetotal populatioris present® occupancy levelbave anedian peak just ové.6

of the workday populatiorAy interaction inDASH allows for different types of work, such as full/péirhe and shift work,

as it is inherent to the movement data (iis ttase the TUSTable2). Whilst this might not reflect the accurate behaviour of
a particulard (e.g. ankd comprising entirely office work may in reality only be occupi€dd0-17:00), thetotal

variability over a group ofd may be moreealistig givenvaryingwork timesbetweenrcommercial sectors.

For R2 (Table 6bothd and® IQR occupancy levelare kssthan someiy school populatios(Fig. 3), but formorning to
noon the population is exceed@étsome areadBoth the defidiand surplus magelateto the method of assigning school
anchors to child and teenade¢ (Section 22). If the age groupesidential populatiors lower (highel) than the school
population in &A, there will be too fewmany) students occupyintiis LA schools during the days students are
assumed not to crot#\ boundariesgiven stateschool catchment areastrictions. InGreater Londoi89% of pupilsarein
state schooléDfE, 2019)

& occupancyevels are always below The highest values occur overnight wheast people arexpectedd be at home.
The narrow IQRndicatesthere is little variation in total occupancy levbktween areas.afiatiors areexpectedvith active

occupancy €.g.housdiold sizes, Section 2.3.4ndin @ with large differences in resident age groups.
Total occupancy varies with behaviour of different ggeups anavill affect the power demand within the neighbourhood

To demonstratéheimpact ¢ demographics odaily profiles ofOc in the® , threeAy (neighbourhoodOA, scale)with

similar residential populatiorisut different dominanagecohortarecomparedn Fig. 4 (R3, Table 6)Thed® of each of the
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three A, have distinct dominantgg groups asb 78% (291) residents are seniais; 92% (297) residents are

adults;and® 47% (300) residents are infants, children or teenagets. (Fig. 4a) daytimeOc remains
proportionally highe(Fig. 4d)thanc (Fig. 4b) and (Fig. 4c).& has a steeper morning decreas®in
and earlieinflection point in the afternoon thai , likely due toformal schoolday lengthgFig. 2).0n the weekend

day, all age groups, apart from teenagers, follow similar patterns, with abb@080 remaining in the A(Fig. 4d).

The diurnal pattern of occupancy levbisday type is consisteietweerdays andborougts (R4, Table 6).The variability

of borough occupancy levefor® (Fig.5a) and® (Fig. 5b) is greater in the daytime when movement is more likely

Although these standard deviations gréte small compared to the actuah-level residential (8,760379,691residents)

and workday (58,44% 356,706 workers) populatiof®©NS, 2014a, 2015 his demonstrates that the occupancy exahang
method (Section 2.2) produces variation in occupancy levels on a daily basis when the same parameters are used for each

day.

In this road vehicle evaluation (R5, Table 6), routing is at LA scale with-ifgoutes determined using Google
Directions(Google, 2019)The voumes ofvehicles in use by mod&igure § predictedby the movement component (Fig.

1, Section 2.3pealksin themorning(07:30-09:30). Slight increases are present around noon and early evéoingialues
(00:0006:00)occurwhen movemeris low (Fig. 2). The increase at 04:00 is due to both low samplinglaatemporal
boundayof t he TUS, which consi der s -0d4:00dTheywdusne of bseds bonstafbvee nt r i e
the period08:001 20:00due to an imposecbndition on cagcity thatrepresergt an increase iGnusr (Section 2.4.2)nstead

of increasingvus,» With only one route option giveperLA origin-destination pairroad traffic is distributed betwed in

proportionto LA total road area. Routing options/at scalehave not been implemented.

5  Evaluation of DASH with GQF

The DASH evaluationassumesaverage or typical conditions (i.eo disruptionsareimposed to modifymovement and/or
timing of activity). As a resulthe contribution ofapplianceuse toQr s is expected tde similar for all days of each type
(e.g. weekday, weekenthroughout the year for both domestic and commesatings(seasonaty in appliancebased
activity is not considered)n a nonperturbed statejariationwithin day types across a ydarexpected to come from
heating (space and water) and coolirsg aghese demandgspond to immediate environmental forcimighin DASH. As
GQF(section 3.2) only variedetricity demandvith day type and seas@mdgaswith seasa, we compare the DASH
diurnal pattern and magnitude Qf g componentgor two schoolweekday (SW) in different seasonsuymmer 18 June
2015 winter. 27 January 2016 The meanair temperaturés warmer in summerl{y.0<C) than winter 7.0°C) andhas more

total radiation (Fig. 7)

To evaluate heat emissions from buildin@s £) the citywide emissions of domest{dom)and commerciahon-domestic
buildings (n-dom) ae consideredeparatelf{R6, Table 6)As DASH and GQFhavethe same spatial resoluticcomparison
is made ofspatial interquartile ranges (IQRat the GQR30-min temporalresolution(i.e. 30-min meangtime-ending)are
calculatedrom the DASH 10min values) DASH appliance emission(® f ) are compared t6QF electricity demand

(0 ; ) whilstcombinecheating (space and water) and coolidg; 0 ; in DASH are equateth GQF gas demand

0 . Discrepancies between values are expected, for example in some areas heating may be powered by electricity.

Forthe summer weekdalpASH domesticQr,g hassimilar characteristics to GQF witlonsistentmorning and evening

peaks. The mean and IGRe sinilar from midnight to 5 ambut consistently lowerdifference inmediars of 27 2.5W m?)
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in DASH from the morning to end of evening pe@kg. 8ai). Across spatiahy more thar60% haveanabsolute error (AE,
eq 20b) of 02 W mi? for all times sampledand for 90%t h e B\ m3QFig. 9a).

Domestic) , closely followsD j in bothpattern and magnitude the summer day. DAShhs three distinct appliance
demand peaksnorning midday anda larger more sustagdevening peakThe magnitude and timing of ; and0
peaks are similar between DASH and G@Rhough the morning peak in GQF is maintained with less variability
throughout the dagFig. 8a.ii). The domestic summer day gas (G@mRJheating/coolindDASH) Qr,s profile (Fig. 8a.ii)
have the largest discrepancy in daily profile and magnitude. Under summer conditions, li&8hly/coolings largely
driven by hot water demand as indoor temperatures in all instances of STEBBS ardypassitained between heating

and cooling setpoints.

DASH domesticdQrs has a mordistinct morning peakn winter (Fig.8di), and from midnight to the morning peak DASH
values ard i 4 W m? greater than GQF. This is caused by gre@tgr , and may relate to greatsensitivityto

temperature foDASH and low outdooair tempeatures. Thewening peak is less pronouncaiad shifted to later evening,
with roughly 70%of theAyh a v i n ¢ WATE at 8:00 (Fig.9b). All other timesanalysednore in agreement with GQF

0 j remains similar to the summer values (Fig. 8.aii) as the only seasonal variation is due to indoor lighting. After the

morning peak it is slightly lower thain ;  (Fig. 8d.ii), but bllows a similar pattern throughout the d@jis discrepancis

likely due toelectric heatingisg which0 ; woul d i nclude on both a smal/l (e. g.

electric heating in highise flats) scale.

SummercommercialQr is consistently lowein DASH (median~1.5W m2 less) than GQF in the middle of the day (Fig.

8b.i) with morning and evening medians meimilar. The evening IQR increases for DASIAd is reflected in f hlikely

associated with energy demand from commercial properties that remain open later in the evening (e.g. leisure facilities).

There is close agreement betwéer and0 ; mediangFig. &.ii). At least60% of Ay agree withir2 W m2 for all

sampled time steps (Fi§c).

Thewinter diurnal patterafor commercialQg g are similar for DASH anQF (Fig.8ei) but DASHhasa steeper morning
(evening) increase (decrease) as well as consistently higher values (med@isvi 212 in the daytime). The evening

decrease starts ~ 2 h latedASH. These higher values are duet (Fig. 8e.iii), which dominates the total pattern
The median) ; and0 j profiles (Fig. 8e.ii) are in good agreemguith slightly broader QR for DASH. More than 50%
ofAvhave a MA E2forfall tides 2xcept 080, which is slightly below 50%Fig. 9d).

For both domestic and commercial usemmer have the largest discrepancy in profile amagnitude compared to
0 i (Figs.8aiii, 8b.iii). In summerfor DASH, 0 j is expected to dominatsindoor temperatures iall instances of

STEBBS are passively maintained betwbeating and cooling setpointSity-wide domesti®Qe g is greater than
commercialQgg in both DASH and GQF.

ThemedianQg 7 are fairly similar between both moddlat GQF haslesstemporalvariability (Figs. 8ci, 8f) with IQRpasH ~
4 x IQRsor. As DASH responds toariations intravel demangdand exchangesccupans acrosghe citymoretemporal

variationoccurbetweenAn. Figs. 9e, f, show small MAEs between the two models, with more than 98.Baathin 2 W
m. When considered for road area only, DAQHr median values reach 2.9 W3with diurnal mean of 3.25 W'r?'\(Fig.
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8c.ii). Summer (Fig8c.i) and winter (Fig8f) values differ because of the behavioural change caused by daylight savings

time. But no other seasonal changes are expected or. occur

Here the mean GQF values &a@sed on key day types appropriately weighted for the year, whereas DASH is run for the
year.TheGL annual averag®r v for DASH is 0.663W m?2 for GQF itis 0.717W m?, whereasassumingonemean

metabolic flux for all that live in Glgives0.386W m2. TheGL annualaverageQr r from DASH (0.24 W m?) is larger than
for GQF 0.0303W m?) asGQF uses a smaller road netw¢eS (2016)vs. AADT, respectively. TheGL annual average
Qrs for DASH (553 W m?) is slightly smallethan the2015average meter daf@.22 W m?, Section 6) The GL annual

total Qr for DASH (5.79W m?) is smaller than for GQF7(97W m?). Thelamarino et al(2012)(earlier version of) GQF
anrual average (10.9 W) for 2005 to 2008 is largewhichis consistent with the decrease in published values seen for
London(e.g.Ward et al., 2016; Ward and Grimmond, 2Q17)

6  Evaluation of DASH with annual gas and electricity consumptiordata

To assess the annual DASHy-wide hot water, heating and cooling energy dem@&i Table 6) results are compared to
normalised national gas demanthe seasonal patte(winter peaksummeminimum)is evident inboth (national DASH)
heatingdata, withshort and longeriod responses ttemperaturalsoevident Fig. 10. The DASH response tthe higher
frequency variatiosis similarto thedemand da but theamplitude of normatied demand diffetdDASH is seemingly more
sensitive tdaemperature changésit asthenational demand profileas netocal responses tweather(etc) variatiors across

the country these may be smoother than if only Londspansesvere observed

In June to August, DASH heating/cooling demand is soletipated to DHW demand for both domestic and commercial
buildings. The consistency IDASH daily-behaviour (i.eR7 without imposederturbations) results in a steashate
summer loagwith a baseline demand that is less dependent on environmental vgridlbienormalsed nationaldatahave
both greater magnitude and amplitude of fluctuation in sunfoieDASH). The national data includeppliance (&3.
cooking) and industrial gas demamdsereas DASHiccouns for thesein appliance (omitted in Fig. Q). The heating
season dominates the DASH res(igy. 10). The DASH patternis less variablavith the cooking and industrial baseline

demand included(not shown)

Evaluation of DASH (R7, Table 6) BEOA scale (Table 1) suggaestheDASH total domestic energy consumption is less
thanmeteredvalues (Fig. 11a.i))TheDASH IQR is46 to 29 % lower (Fig. 11a.ii). Althoughthe LSOA domestic

consumption in theentralbusinesdlistrict (CBD i City of London)has the largst discrepancy-82.56%), this mayin part

be caused bynisallocationin the published datge.g. some dwellings classified as commercial because of a large shared

meter). There is no evidence of a relation between percentage difference and population density.

The percentage défence betweecommerciaDASH andnon-domesticenergy consumption is skewed to overestimation
by DASHin most MSOAgFig. 11b.ii) TheCBD underestimatiotf-53.246, Fig. 11b.i) is likelycaused by large
misallocation oicommercal gas consumptioim thisarea(section 3.2)Onespatialunit (East London) overestimatby

more than 1000% (maximum beiad84%, 24.2 GW h). SomeOAs (i.e. Ay scalg with large retail buildings have potential

uncertaintyin both the energy consumption data (e.g. undisclosed skxtdon 3.2and DASHsimulations

At MSOA scale DASH simulates88% of the areas twithin ° 100% of published value§he MSOAs that DASH most
overestimatesas percentagdifference) have fairy small atual magnitude differenseand low workplace populatioriBhe
mean differencén magnitudeacrosghe top %' percentile i28.7GW h, however 7% of these (mean differend8.1GW

h) have workday populations of fewer than 2,000 pepthe MSOA with mostbusinessem these MSOAhaving fewer
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than 50 employeedVhilst the proportion of these small businesses is faid (89% on averagecross Greater London
(ONS, 2019)it is not the main caus# the wncertainty as thisarisesfrom misclassification of small businesses as domestic
within published data&Someoverestimatioroccussin area with buildings that are not typically tempéuee controlled (e.qg.

warehouses, factorieasDASH assumes all commercial spaces are temperature controlled.

Although he percentage differencescommercialannual energy consumpti@nelarge thanfor domestic (Fig. 14.i,
11b.ii), theactual commercialalues(Fig. 11d)aremore spatially similaacross the citthandomestic value§Fig. 11c)

The most spatially disparate commercial area, contald@aghrow airpor{westGL, Fig. 11d) likely has undisclosed data,
hence the large ddrence 894.®6) of 726.8GWh. Domestic values are more spatially similathialess densely populated

suburbs, whereaeaseast of the CBaremore densely populated and more spatially variable.

The annual LA(Table 1)energy fluxes have fewer dataconsistencies when the domestic and-domestic/commercial
energy consumption are combined, allowing meter classification to be igk&H Q- estimates for Greater London
(5.53W m?) are lowerthan those found usinthe publishedneterdata .22 W n¥), with the greatest difference in the
smallest LA City of London DASH gives57.53W m?andpublished datgives123.48 W n¥). The overall spatial patterns

are similar, with greater values towards the city centre and more consistent vaheesurrounding suburbs.

Although address misallocation (section 3.2) is expected to cause the observed discrégaapgiparént DASH
underestimatioffior aggregate annual valydsund in the CBD, it is not possible to quantify this uncertainityiil&rly, an
underestimations expected from DASH as tmeeteorological inputisedis for one central site (Table 5) so variations (e.g.
cooler temperatures or wind effects) are unaccounted for. This could be improved by coupling DASH with a metéorologica

modelaccounting for spatial heterogeneity

7  Conclusion

DASH allows anthropogenic heat fluxes to be simulatezbunting foboth urban form and function, using an ageased
structure. The i mp ac tneighbounhaodspdleds&apturbdeab acaupantaimose (18 min tinte step)
varyingby day type (e.g. week day, weekend), demographics (e.g. age), location (e.g. residential, work astirapl),
(e.g.cooking, recreation, travelling to schawlwork), socieeconomic factors (e.g. appliance availability) amdesponse

to environmental conditions (e.g. temperatiglated heating uselDASH includes simple transport and building energy
modelsto allowsimulation of dynamic vehicle useccupancyand heatinfrooling demand with subsequent release of

energy to the outdoor environment through the building fabmentilation

Evaluation of DASH in Greater London for various periods in 20Esasopdown inventorymodel (GQF) and national

energy consumgpin statistics (as cited in Table 6, RB)\erall the model generally performs well. Some of the spatial and
temporal differences may be explained by data inconsistencies in the official data (e.g. privacy related, allocation of use t
office headquartersather than place of use). Analyses with DASH allow high spatial and temporal resolutomider

range of timgperiods(demonstrated here from 10 minutes to 1 year) and large spatial extent (demonstrated from output area
to megacity). The model perfornrace evaluation addresses a wide range of these scales (e.g. 30 min spatial patterns at OA,

annual aLA scale).

The expected temporahd spatiapatterns are obtaindd.g.two diurnal peaks anidrger fluxes in the city cerd). Given

DASHOG6s c aitheaelcanlbé exqib@ and ex@lined. For example, domestic buildiQg,s is more intense towards the
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city centre than in outer suburbs, following residential population density. The morning and evening peaks are linked to

active occupancy and appliancewer demand.

As DASH is demonstratetb be able taeprodice conditions generallyfuture work willinvestigate dynamic feedbacks

within a city from changes in urban form and function. DASH is designed to allow parameters to be altered fpagially

impacsk on Qr emissions can be assessed. Changes may be both slow (i.e. over years) such as from an aging population, ne\
technology uptake (e.g. change of vehicle fuels and efficiency), or governance (e.g. national energy or carbon goals) and
shortterm (i.e. hours, days to months) such as traffic restrictions (e.g. roadworks, flooding) clilangifidne model

performance suggests that other capabilities (e.g. additional transport types) and feedback on other variablgs (e.g. CO
emissonsare waranted in the future. With DASH coupled to an urban land surface mhdempacts can be assessed both

on Qr itself (e.g. a traffic disruption at one pointterms of thémpact onQe g) and its feedbackn othersurface energy

balanceerms and neasuiface urban temperatures.
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9  Appendix A: Creation of Markov chains

A Markov transition matrixHermanns, 2003; Sericola, 2018)uilt from the probabilities of transition froonestate to
another in the next time step, wittstates forminga¢ & Markov transition matriXTable Ala). Entries are the
probabilitiesp of transitioning from one state at time stpow) to another at time step- 1 (column)(e.g. Tables Alb,c)
Stationary distribution for state 1:

" (2D ptha Pz P4 P(tLs P(the (A1)
Thetransition matricesreated for this modelre time inhomogeneous, reflecting a realistic diurnal prefile changs in
likelihood statethrough the day. If state transitionn is chosen, thetate does not changdarkov transition matricesiay

exclude entry to particular states by setting the column and row of a restricted state to zero

As there is no way to determine tst@tesprior to the start of a model riandto ensureno spirup is requiredthe stationary
distribution for the firstime step in the run is given by the diagonal of the mégrig.based on Table Al six states):
"1 = [P(W11, P2, P(Dss, P(Daa P(Dss, P(tese] (A2)

Thisrepresents the distributi@tross stagthat are not in transition durirthe previous or the current time step.

For travel Gection 2.4.2at t=1, Oc are distributed using weighted choice witthe diagonal of the transition mati&q.
A2) for that time step and age groag the weight distributiorAt each subsequent time stépe originAy has a choice to
keep eaclOc or releasegheminto anotheky , according taveighted choicedg. 3)usingthetransitionprobabilities dictated
by theorigin® 6 s st at i on éq.Al) dtiass)t The Abdestinatiom depends on the destinatiprselected If &

for the next time step is the same as the previous time stefy ttes not release ti@.
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10 Appendix B: Heat exchange within STEBBS

STEBBSemploysa nodal approacfFoucquier et al., 2013)s found in commonly used simulation tools suchrasys

(Klein et al., 2017pndEnergyPlugCrawley et al., 2000Each node represents a homogenédayerwithin a specified

component of the building, with heat transfer equations solved between each node (Fig8ieEBBeight nodegre2-

layers forwall-roof, ground floor and windosy plus a bulk air node and an all internal mass node (calculated as a

percentage of total volume). Additionally, there are six nodes associated with the domestic hot water (DHW) system. There
are 2layers for the hot watdank walls and a bulk DHW distribution system, plus a bulk water node for the storage and a
distribution node. Effective thermal properties are applied to each component (i.e. a wall cavity and insulation layters are n
modelled separately). As this israputationally cheap, it allows multiple instances for eacht high temporal resolution.

The only latent heat consideration is that of people from metabolic processes (Section 2.4.1).

The STEBBSconsiders heat exchandg®sconvection, conductigrand adiation, and heat gain from solar insolation and
casual heat sourcéBig. B1). The convective fluxge, betweera fluid f and a surface (Bergman et al., 20173:

| Y Y (B1)
whereT; andTs are the temperatures of theid (f) and surfacés), respectively andA the surface area of the building
Convective fluxe®ccur between indoor (outdoor) air anternal (externaljvall/window/floor surface as well as the
internal mass surface. For DH\&. B1 calculates convective flux between water and hot water tank/vessel walls. Forced
convectionh is experienced on external walls as a function of wind spesdd s?) at roof height, so is variable whilst
internal values are held constg@ble and Sturrock, 1977)

Q v TR0 (B2)

Conduction between internal and external surfat¢@scomponentie. wall, window, floor,hot water tank/vessel, and

ground floor to groundis:

n foXs) (B3)
wherekcis theeffectiveconductivityof a buildingcomponentvith 1 ton layers ofthicknesd., (sum toL) and conductivity
Kn:

Q@ ——= (B4)

andTy, Tsparethec o mp o ninsidean@lcutside surfacéeemperaturg respectivelyThis iscalculated for inside surfasef

a wall, ceiling, window, floor, hot water tank and hot water vesseinponentsaind thé& respective outside surfageas well

as the point of contact between the ground floor and the external ground.

Shortwave insolatiofGk) is considered on building waltsof and windows, with transmitted proportion through windows
added to internal heat gain and absorbed proportion contributing tooeiiindow gaingUnderwood and Yik, 2004)
Windows have an effective shortwave transmissigtyand albedqU), whereas wallsoof depend only otheir albedo.

Solarinternalheat g&n (gs) as:

N 180 (B5)
and solar gain to external wéf] ) andwindow (] ) as:
n p g 80 and R p T g80 (B6)

Thenet longwave radiatioD .) exchangdetweerbuilding surfaces (walls or windows) and surfa¢esluding sky)in
their view is found usin@@ergman et al(2017}

0. 6B UIiQ"Y Y (B7)
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775  wherelis the StefarBoltzmann constant (5.67 108 W m2 K4, eis the wall/window emissivity and surface temperature.

Ts,iis the temperature of the surfaggin view.

The threeview factors ¥ ) for external wall/window surfaces (sky, buildingsy », and ground/ ) will sum to 1. Currently,
for neither short nor longwave radiatiarey accounted fo(i.e. uniformtemperature is assumed). This could be improved
780  when coupled withmore detailed morphology data and urban meteorology\asiesacross a cityvith height(building

facet)and density of buildingé€Grimmond et al., 2001)nternal wall radiative exchanges are currently not considered.

Energy for heating (cooling) is controlled by setpoint temperature with energy added (removed) directly from the indoor air
node that i€ontrolled according to a maximum power rating and set system efficiency. The temperature setpoints can

785 change at each timestep allowing both automated and human control to be accounted for. The level of heating (cooling) is
further controlled by the diffence between indoor air and setpoint temperatures. Internal gains are accounted for as a bulk

gain to the indoor air node.

The BESTEST Case 600 single zone building case is used with EnergyPIBa9)vt® evaluate STEBBS. The EnergyPlus
790 BESTEST modetiownloaded from the EnergyPlus helpserve welfBitergyPlus, 2020 modified to run with v3.0.

Observed London weather data for 2@&katthaus and Grimmond, 2014je generated using SufSun and Grimmond,

2019)at an hourly resolution for EnergyPlus and STEBBS. Although EnergyPlus indicates it interpolétesibyb

weather data for consistency we use both witkhadr timestep.

795  Following EnergyPlus Erigeering Referencehe STEBBS external convection coefficient is changed to the-D@iethod
(U.S. Department of Energy, 20263 95-96) for consistency between the models. Note, this is found to have little impact on
the results. The internal mass and DHW in STEBBS are reduced in volume to ensure they have negligible impact on results
(seehttps://doi.org/10.5281/zenod0.37455R8 BESTEST setup)The bulk building thermal properties in STEBBS are
calculated using the BESTEST Case 600 values as presented in ASHRAESHRAE, 2017) Building dimensions for

800 STEBBS are set to give consistent total indoor volunadl-roof surface area, window area, and floor area. As STEBBS has

only one pair of nodes (i.e-layer wall Figure B, building geometry and orientation are not represented in STEBBS.

The EnergyPlus annual and intaty heating and cooling dynamicg aaptured in STEBBS (Fig.2B8 Both models control
the indoor air temperature to within the setpoint limits of 20 (heating) and 27 (cooling). EnergyPlus simulates a higher
805 heating and cooling load with more times when the indoor temperature is betwbentfran at) the setpoint temperatures.

EnergyPlus also simulates a cooling requirement during the heating season, which STEBBS does not.

The modal hourly heating/cooling load differences between the two models are relatively smaR)FdgthBugh he
distribution range is largehe differences are perhaps best attributed to a difference in load control. The EnergyPlus

810 BESTEST case uses the maximum heating (cooling) capacity to add (remove) thermal energy to (from) the building that is
likely to reault in the observed indoor temperature over shoots, the higher frequency of switchoff) fonheating and
cooling, and need for cooling during heating season as heating and cooling power are set high (100 kW). Whereas to prever
this type of behavioWlISTEBBS uses the difference between air and setpoint temperature to help control the heating and
cooling power.
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11 Appendix C: Parameter values

Table CI Appliances used in domestic and workplace subareas and their attrilsage categories: Active only (AO)

consume energy as a results of user activities; Active with standby (AS) consume less when not in active use (standby);

Continuous (C) have constgmower consumption independent of human activity (cycling appliance power converted to
820  continuous) See Tabl& for references.

Appliance Attributed activity Usage Power Standby Proportion Market

category rating  power rating on standby permeatior
(W) (W)

Domestic appliances

Oven Food preparation AO 2125 - - 0.616

TV Watching TV AS 124 3 1 0.977

Desktop Computer use AS 100 20 1 0.35

Laptop Computer use AS 70 10 1 0.71

Iron Ironing AO 1000 - - 0.9

Washing machine Laundry AS 792 1 0.5 0.93

Chest fridge - C 38 - - 1

Small appliance (generic) - C 2 - -

Lighting (single bulb) Active AO 43 - - -

Workplace appliances

Of fice fAdesko Atwork AS 250 25 0.5 per worker

Office background (e.g. IT - C 230 - - per worker

equipment)

Lighting At work AS 120 120 0.5 per worker

Table C2: Applied building component properties to all instances of STEBBS modell@&®House& Bungalowflat],
Post1965), regardless of use type and building dizhickness eemissivity, Ueffective transmissivityU surface albeddke
effective thermal conductivity; density,c, specificheat capacityf air at constant pressuteconvection coefficientyrr

825  volumetric flow rate of DHW for single use domestic/commerafalyentilation rateVr DHW tank volume WWR
window-to-wall ratio. Tank n = number of people per household. Vessels all other storage of DHW. For data sources refer to
Table3. * variable by wind speed*per water user (domestic/nedomestic)

L (m) é U U ke I Cp h VFR, VR** Vt WWR
WmiKY| (kgnmd) | (kg KY) [ (Wm?KDY | (103 m® | (md)
Int. | Ext. s
External |0.241/0.327 0.9,0,0.6 |0.837/0.8351692/1690803.1/804.1 3 | var* 600 -
-2 | Wall/Roof 0.373 0.104 1076 865.9 04
3 ) 0.0050.02|0.880.9,0.09 1.05,0.041| 2500, | 840,902.4{ 3 | var* - ’
I | Window
> 1000.7
% Ground 05 - 0.752, 0.69(1540, 147( 1012.8, | 2.8 - - -
= Floor 1016
o | Internal - 0.91,0,0 0.121 873.7 967.9 3 - - -
Mass
Tankn =1 0.055 0.9 -, - 0.0275 745.55 1380 243| 3 0.183/|0.115| -
Tankn =2 0.15 |0.115
Tankn =3 0.125
= | Tankn =4 0.148
5 [Tankn =5 0.170
Tankn =6 0.180
Vessels 0.0047 0.91, -, - 0.16 1380 1380 243| 3 |0.1372/| - -
0.1125
External Groun( 2 - 1.28 - - - - - - -
Internal Air - - - - 1005 - - - - -

12 Appendix D: Code availability/Data availability
830 All code and data are depositechéps://doi.org/10.5281/zenod0.3745523
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Table D1: Data examples. Moréetails (example structure, unitaw data sourcéocation in repository and location of use
835 in codg can beoundathttps://doi.org/10.5281/zenod0.3745523

Filename | File type | Definition

(i) Population

a |age groups csv Population of each age group in edgh

b |allworkers csv Residential and workplaapatial unitrelation

c |area hierarchy csv List of Ay in the larger, containing, spatial unit (B)

d |daytype csv Dates used by run amdrresponding day of year and d
type

e | SchoolWorkShopcap csv School and workplace populations and shops and 'otf

subarea capacities for eath

(i) Transport

a |SpatialUniRoadLemths csv L, in each B

b |average passengers csv Average number of people in a singhevehicle

c |distance_freqs csv Journey distance categories and their respective mog
weightings

d |fuel_consumption csv Average urban fuel consumption for urban roads for
vehicle stock (g k)

e |fuel ratio csv Proportions of each using eacH

f |IntraBorDistkmatrix csv Distance matrix for distance betwegfcentroids inB

g |IndivBor/xh_wsorted csv Proportions of people using each mode to travel from
home to work

h |IndivBor/xw_hsorted csv Proportions of people using each mode to travel from
work to home

i | MeanSpeedLimits Csv Meanv;im for eachr in each B

j | RoadAADTMeansLengthWeighte{csv AADT means of each, mode for each B

k |routes_distances csv List of route segment distances for eaplatial unit
traversed for each route

| |routes_int csv List of routes between eashtartdestination pajr
including thespatialunitstraversed for each route

m | route_reference_matrix csv Reference matrix for rada numbers

n | ShopsGravity csv Gravity weightingqgEq. 3)for travel to shops and other
subareas

o |speed_fuel_ratio_func pickle Functions of normalised speetlel consumption
relation for eachm

p [|traveltime_functions pickle Functions relatinglistance to time travelled for each
mode

g |vehicle lengtHin settings.nml) - Length of representative vehicle

(ii ) Area

a |env vars csv Environmental variables used for each time step

b |IndustrialOAs csv Location of industrial land use around stedy area

c |OA_area_details csv Population, road length, building stock and dimensior]
floor plan area data for eaéiy

(iv) Buildings

a |CommBuildingArchetype nmi Multiple .nmllists for each commercial building
archetype and their STEBBS parameters

b |CommTypes nmi Multiple .nmllists for each school/shops/other land us
type and their parameters

¢ |DomApplianceList nml Multiple .nmllists for appliances used by occupants in
domestic buildings, and their parameters

d |DomBuildingArchetype nmi Multiple .nmllists for each commercial building
archetype and their STEBBS parameters

e |domlighting nml Parameters for domestic lighting

f | WorkApplianceList nml Multiple .nmllists for appliances used by occupants in
commercial buildings, and their parameters

g |Xpersonactiveweekend/day csv Proportions of people active (awake and present) in
households witlx people present at each time step

h | xpersonweekend/day csv Proportions of people who belong to household of siz

present in household at each time step, given that
someone is present
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Table D.2 Archive of model runs (Table 6) inputs and regaitailable athttps://doi.org/10.5281/zenodo.3745%23

R Extent Area Spatial Scale  Temporal
Scale
1 GL Camden & 110 min
2 |GL GL An 10 min
3 |GL E00023911, An 10 min
E00015661
E00008490
4 |GL GL LA 10min
5 GL GL GL, LA 110 min
6 GL GL OA (An) As Run 5
7 GL GL GL 'Annual
8 GL GL LSOA-dom, | Annual
MSOA - n-dom
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1135 people per age group living in the areéinfants, 2 children, 0 teenagers, 61 adults, 228 se)n(bi:g{:rru >‘*"(SIinfants,
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6 children, 3 teenagers, 274 adults, 9 sebu@:;:I: ) (|77 infants, 41 children, 24 teenagers, 157 adults, 1 ge(ddr
Normalised total occupancy levels for the thﬁe
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1140 Figure 5: Standard deviation dfA (all boroughs of London, colour, fd2 weekdaygpreceded by weekdaycciypancy
levels(R4, Table 6)) for(a) ® and ) & .
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Figure 6: Simulated volume of vehicles across Greater Londod%afune 201585, Table 6)
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Figure 7: Incoming shortwave radiatiofiKe, W n7?) and outdooair temperatureT,, C) for two SW days. Observations
(Table 5)are assumed to be constant across the domain in all runs (Table 6).
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Figure 8: Analysis ofQr (R6, Table 6)median (line)and IQR(shading)for two days in 2015a, b, ¢ 18 June andd e, )
27 Januaryshowing totalQg g for (a.i, d.i) domestic (b.i, e.i) commercial with (a.ii, d.ii) domestic electricity (GQF)r
appliance power deman®ASH); (a.iii, d.iii) domestic gas (GQR)r heating + cooling + hot water demardASH);
1155 (b.ii, e.ii) commercial electricity (GQF)r appliance power demanBASH); (b.iii, e.iii) commercial gas (GQey heating
+ cooling + hot water deman®QASH); and €, f) Qrr at Ay scale; andd.ii) Qr 1 for road area only. Fig. 7 shows weather
conditions. Fig. 9 shows absolute errors between the two models.
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Figure 9: Ranked amulative frequency of spatial A@q. 20b) with 2, 5 W m(vertical lineg and maximum (key, W 1§
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Figure B1: STEBBS1-D modelsimulateshuilding facets/nodes (dotsgasual heat sources and heat exchahgegwave
radiation is absorbed by building facets from the outdoor environment, and shortwave radiation from direct, diffuse and
reflected sources.
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Figure B2: BESTEST Case 600 is used with London weather datealoae STEBBS relative to EnergyPlasan hourly
time scale for 2012a] heating andk) cooling loads (J),d) indoorair temperatured) frequencydistribution of
1185 hourly differences between EnergyPlus and STEBBS for heating and cooling logdstdr quatile range ohourly
differencesn winter (Jan, Feb, Mar, Oct, Nov, Dec) and summer (May, Jun, Jul, Aug) loads, and indoor temperatures

(whiskers 1% and 99%6

1190 Table 1: Sources of data uséy DASH andthe highest spatial resolutigoolumns)used in Greater LondoDetails are given in the

otherTables Tab) and AppendicesApp

indicated. Notation defined in text.

Spatial ScallAn B
Data Category OA |LSOA |MSOA [LA City London/Nationa
Population Tab2
Activities App.A
Appliance TabCl1
o |Size Tab4
<
S |Types Tab4
@ Properties Tab4 Tab C2
@  [Mode Attributes Tab3
© 8 |Route speed limits Tab3
F " |Mode & route capacity Tab3
Environmental conditions Tab5

36



